The inhibition activities of sulfonamide and sulfamate derivatives for human carbonic anhydrases have been quantitatively analyzed using DRAGON descriptors. QSAR models have been obtained through combinatorial protocol-multiple linear regression (CP-MLR) computational procedure. For the hCA I inhibition activity, a higher value of information content index of the 1-order neighborhood symmetry (IC1) and a lower value of the Moran autocorrelations, MATS2v and MATS1p, along with a lower number of sulfur atoms in a molecular structure (nRSR) is beneficial to the activity. A higher number of 5-membered rings (nR05), a bigger distance between nitrogen and sulfur T(N..S), and a higher value of van der Waals volume weighted descriptor (GATS6v), are helpful to improve the hCA II inhibition activity. For the inhibition of hpCA, a lower value of the descriptors Jhetv and PW5, and higher values of the eigenvalue sum from Z weighted distance matrix, SEigZ, the Moran autocorrelation of lag 8 weighted by atomic van der Waals volumes, MATS8v and the Moran autocorrelation of lag 4 weighted by atomic Sanderson electronegativities, MATS4e are favorable. The derived significant models in such descriptors may further be used to synthesize new potential compounds and to decipher the mode of their actions at molecular level. 
Introduction
Carbonic anhydrases are comprised of a family of monomeric zinc metalloenzymes. These enzymes catalyze the reversible hydration of CO 2 to bicarbonate and a proton [1] [2] [3] [4] [5] . Several forms of carbonic anhydrase occur in nature and there are at least five distinct CA families (α, β, γ, δ and ε) reported in the literature. These families possess no significant amino acid sequence similarity. In most cases they are thought to be an illustration of convergent evolution. Presently, 16 isoforms of human carbonic anhydrase (hCA) have been cloned and a variety of compounds were analyzed for their inhibitory effects on most of them [6] [7] [8] . Many of these isoenzymes such as hCA II, IV, VA, VB, VII, IX, XII, XIII and XIV represent valid targets for the development of novel antiglaucoma, antitumor, antiobesity or anticonvulsant drugs [9] [10] [11] [12] [13] .More recently, the representatives of the α-or β-CA class have also been cloned and characterized in other organisms, namely Plasmodium falciparum [14] , Mycobacterium tuberculosis [15] , Cryptococcus neoformans [16] , or Candida spp. [17] . These enzymes have been proved to be critical for the growth or virulence of these pathogens. The varieties of these organisms are highly pathogenic and exhibit different degree of resistance to the available drugs targeting them. Thus, the inhibition of their CAs may represent novel approaches to fight such ailments [14] [15] [16] [17] .
Helicobacter pylori, a Gram-negative neutralophile [18] was shown to be related with chronic gastritis, peptic ulcers and gastric cancer, the second most common tumor in human [19] . H. pylori is a widely spread pathogen, causing sometimes severe gastrointestinal diseases leading to a significant morbidity and mortality [20] . The first-line treatment of peptic ulcer disease caused by H. pylori involves a therapy with two antibiotics (amoxicillin and clarithromycin) and a proton pump inhibitor (PPI). This treatment may, however, fail due to an increase in the prevalence of antibiotic resistance [21] [22] [23] . Thus, an empirical quadruple regimen (PPI, bismuth, tetracycline and metronidazole) has generally been recommended as the second-line therapy. But, several studies have shown that even two successive treatments failed to get rid of H. pylori in some cases [21] [22] [23] . For this reason, there is an urgent need for alternative therapies that could target the root cause and be devoid of the problems arising with presently available drugs. H. pylori may grow and multiply in the stomach, in the highly acidic conditions at pH < 1.4 [24] . Thus, the pathogen has emerged in the specific processes that sustain the cytoplasmic pH nearly 6.4 for survival and growth. In fact, two enzymes are involved in these processes: urease [24] in the cytoplasm and an α-CA (designated as hpCA) in the periplasm [24, 25] , which separates the outer and inner membranes of this bacterium. The β-CA has also been found in the cytoplasm of H. pylori, where it appears to play a crucial role in the urea-bicarbonate metabolism and acid resistance of the pathogen [26] . In fact, the study of Sachs' group [24, 25] has provided the proof-of-concept that hpCA may be an attractive drug target for developing anti-H. pylori agents.
More recently, Nishimori et al. [27] have sequenced hpCA DNAs from a large panel of independent strains of H. pylori, which were obtained from patients with a variety of gastric mucosal lesions including gastritis, gastric ulcer and gastric cancer. They have also evaluated the inhibitory effects of a panel of sulfonamides/sulfamates (known inhibitors of other α-CAs) against this enzyme and inferred that effective inhibitors targeting this bacterial CA can be designed. A library of sulfonamides/ sulfamates was investigated for the inhibition of hpCA, in addition to new derivatives obtained by attaching 4-tert-butyl-phenylcarboxamido/sulfonamide tails to benzenesulfonamide/ 1,3,4-thiadiazole-2-sulfonamide scaffolds. The inhibition data of a total of 47 such compounds against the host isozymes, hCA I and hCA II, and the bacterial enzyme hpCA have been reported. However, the study was directed at the alteration of either substituents in parent moiety or variation of main scaffolds but no rationale was provided to account for the inhibition data against three enzyme systems. The aim for present communication is, therefore, to establish quantitative relationships between inhibition data of these enzymes and descriptors unfolding the structural variations of all reported congeners.
Materials and methods

Data set
The reported compounds [27] have been represented in Schemes 1, 2 and 3. Compounds given in Scheme 1, are representative of simple aromatic and heteroaromatic sulfonamides, while compounds (25-35) included in Scheme 2 are clinically used drugs. The analogues (36) (37) (38) (39) (40) (41) (42) (43) (44) (45) (46) (47) , incorporated in Scheme 3, are newly synthesized compounds obtained by attaching 4-tert-butyl-phenylcarboxamido/sulfonamide tails to benzenesulfonamide/1,3,4-thiadiazole-2-sulfonamide scaffolds. The inhibition activity data, reported in terms of binding constant, K i , of all 47 compounds were obtained against the host isozymes hCA I and hCA II and the bacterial enzyme hpCA. For the purpose of QSAR study, all analogues have been randomly divided into training and test sets. Out of the 47 analogues, 10 compounds have been placed in the test set for the external validation of derived models. The training and test set compounds along with their biological actions (expressed as pK i on molar basis to guarantee the linear dependence of dependent variable on structure accounting descriptors) are listed in Tables 1 and 2 , respectively.
Computational procedure
The DRAGON software [28] has been used for the parameterization of the compounds under study. This software offers several hundreds of descriptors from different perspectives relating to empirical, constitutional and topological indices characteristic to the molecules under multi-descriptor class environment. The structures of the compounds under study have been drawn in 2D ChemDraw [29] using the standard procedure. These structures were converted into 3D objects using the default conversion procedure implemented in the CS Chem3D Ultra. The generated 3D-structures of the compounds were subjected to energy minimization in the MOPAC module, using the AM1 procedure for closed shell systems, implemented in the CS Chem3D Ultra. This was done to ensure a well defined conformer relationship across the compounds of the study. All these energy minimized structures of respective compounds have been ported to DRAGON software for computing the parameters corresponding to 0D-, 1D-, and 2D-descriptor classes. The descriptor classes considered in the study along with their definitions and scope in addressing the structural features have been presented in Table 3 . As the total number of descriptors involved in this study is very large, only the names of descriptor classes and the actual descriptor involved in the models have been listed. The combinatorial protocol-multiple linear regression (CP-MLR) computational procedure of model development is briefly described below. 
Model development
The CP-MLR is a 'filter' based variable selection procedure for model development in QSAR studies [30] [31] [32] [33] [34] . The procedure employs a combinatorial strategy with MLR to result in selected subset regressions for the extraction of diverse structure-activity models, each having unique combination of descriptors from the generated data set of the compounds under study.
The 'filters' set in CP-MLR are intended at (i) having inter-parameter correlation to a predefined cutoff value (filter-1; default acceptable value ≤ 0.3; (ii) optimize the variable entry to a model through t-value of regression coefficients (filter-2; default acceptable value ≥ 2.0; (iii) comparability of models (regression equations) with different number of descriptor in terms of square root of adjusted multiple correlation coefficient (filter-3; r-bar, default acceptable value ≥ 0.71), and (iv) addressing the external consistency of the model with leave-oneout (LOO) cross-validation as default option (filter-4; cross-validated Q 2 criteria, default acceptable limits are 0.3 ≤ q 2 ≤ 1.0). All these filters make the variable selection process efficient and lead to unique solutions.
Further, to find out any chance correlations associated with the models recognized in CP-MLR, each crossvalidated model has been subjected to randomization test [35, 36] by repeated randomization of the biological response. The datasets with randomized response vector have been reassessed by MRA. The resulting regression equations, if any, with correlation coefficients better than or equal to the one corresponding to unscrambled response data were counted. Every model has been subjected to 100 such simulation runs. This has been used as a measure to express the percent chance correlation of the model under scrutiny. Thus, the CP-MLR protocol has been applied with default filter thresholds to identify all possible models that could emerge from the descriptors of compounds. For each model, derived in n data points, a number of statistical parameters were obtained to access its overall statistical significance. These are: the multiple correlation coefficient (r), the standard deviation (s), the F -ratio between the variances of calculated and observed activities (F), the cross-validated indices, Q respectively from leave-one-out and leave-five-out procedures. In leave-five-out procedure a group of five compounds is randomly kept outside the analysis each time in such a way that all compounds, for once, become the part of the predictive groups. The robustness of the models was evaluated by Q 2 index. The predictive power of the models was ascertained by test set r 2 . A value greater than 0.5 of this index hints at a reasonable sound model.
A number of additional statistical parameters such as the Akaike's information criterion, AIC [37, 38] , the Kubinyi function, FIT [39, 40] , and the Friedman's lack of fit, LOF [41] have also been derived to evaluate the best model. The AIC takes into account the statistical goodness of fit and the number of parameters that have to be estimated to achieve that degree of fit. The FIT, closely related to the F-value (Fisher ratio) was proved to be a useful parameter for assessing the quality of the models. The main disadvantage of the F-value is its sensitivity to changes in k (the number of variables in the equation that describe the model), if k is small, and its lower sensitivity if k is large. The FIT criterion has a low sensitivity toward changes in k-values, as long as they are small numbers, and a substantially increasing sensitivity for large k-values. The model that produces the minimum value of AIC and the highest value of FIT is considered potentially the most useful and the best. The LOF takes into account the number of terms used in the equation and is not biased, as are other indicators, toward large numbers of parameters. A minimum LOF value infers that the derived model is statistically sound.
Results and discussion
A total number of 510 descriptors from 0D-, 1D-, and 2D-modules of DRAGON software were calculated and subjected to CP-MLR with default filters implemented therein. The results of analysis for inhibition activities of isozymes hCA I and hCA II and the bacterial enzyme hpCA are discussed in the following sections.
Inhibition activity of hCA I
For inhibition activity of hCA I, the analysis revealed 8 models involving two descriptors with highest r-bar value of 0.733. This r-bar value was then retained as a threshold limit for filter-3 in CP-MLR and again used it to derive higher models. The method yielded 346 models in three descriptors with highest r-bar value of 0.830. Similar steps were followed to derive the models in four descriptors, however, the highest significant model emerged is shown in Eq. 1. The list of participating descriptor, their average regression coefficient and total incidences are included in Table 4 . Where IC1 is the information content index of the neighborhood symmetry of order-1, MATS2v is the Moran autocorrelations of lag 2 weighted by atomic van der Waals volume, MATS1p is the Moran autocorrelations of lag 1 weighted by atomic polarizability and nRSR is the number of sulfurs. The derived F-value for above Equation remained significant at 99% level and the Q 2 index accounted for a robust model but the r 2 -value has explained only for 77% of variance in observed activity values. To improve the significance of above equation the compound having highest residual activity was considered as the outlier.
An outlier to a QSAR is identified normally by having a large standard residual activity and can indicate the limits of applicability of QSAR models [42] . There are many reasons for their occurrence in QSAR studies; for example, chemicals might be acting by a mechanism different from that of the majority of the data points. It is also likely that outlier might be a result of a random experimental error that could be significant when analyzing a large data set. Although it is acceptable to remove a small number of outliers from the QSAR [43] but it is not acceptable to remove the outliers repeatedly from a QSAR analysis simply for improving a correlation. In present work, the lone compound 21 have shown highest residual and was considered as an outlier. This compound is ignored in the training set to yield a more significant correlation Eq. 2. The statistical parameters of Eq. 2 have now improved over to that of Eq. 1. The r 2 -value has explained for 84% of variance in observed activity values and Q 2 index has accounted comparatively for a better robust model. The decreased values of parameters AIC and LOF and increased value of FIT have further shown the superiority of this model over to that of the model in Eq. 1. Eq. 2 was also subjected to randomization process, where 100 simulations were carried out but none of the identified models has shown any chance correlation. The pK i values of training set compounds calculated using Eq. 2 and predicted from LOO procedure have been included in Table 1 . The model (2) has also validated with an external test set of ten compounds listed in Table 2 . The predictions of the test set compounds based on external validation are found to be satisfactory as reflected in the test set r 2 value and the same is reported in Table 2 . The plot showing goodness of fit between observed and calculated activities for the training and test set compounds is given in Fig. 1A .
From Eq. 2, it appeared that the descriptor IC1 has contributed positively while the descriptors MATS2v, MATS1p and nRSR have added negatively to the inhibition activity. This implies that a higher value of IC1 (a measure of structural complexity per vertex) would augment the activity of a compound. The role of atomic van der Waals volumes and polarizability in respective lags may be seen in Moran autocorrelations. A lower (or negative) value of the Moran autocorrelations, MATS2v and MATS1p, is beneficial in improving the activity. Similarly a lower number of sulfur atoms in a molecular structure (nRSR) would enhance the activity of a compound.
Inhibition activity of hCA II
The inhibition data of 37 training set compounds pertaining to the isoform hCA II were subjected to CP-MLR analysis, setting the filter-3 value at 0.71, using 510 initial DRAGON descriptors as independent variables. The analysis resulted into 806 models in two descriptors but the highest significant model yielded the r-bar value of 0.886. This r-bar value was then considered as the threshold value for filter-3 in CP-MLR and the models involving three descriptors were derived. A total number of 60 descriptors belonging to different classes have participated in 106 models with their r-bar values ≥ the threshold limit set for filter-3. The complete list of participating descriptors, their average regression coefficients and total incidences are included in Table 5 . The highest significant model, involving one descriptor each from the CONST, TOPO and 2DAUTO classes, that was obtained is shown in Eq. 3 Where the descriptors nR05 and T(N..S), account for the number of 5-membered rings and the topological distance between N and S respectively in a compound. The descriptor, GATS6v is the Geary autocorrelation of lag 6, weighted by atomic van der Waals volume. The statistical parameter r has accounted for 87% of variance in observed activities while F-value remained significant at 99% level. These are in support of highly significant results. Similarly, the lower values of AIC and LOF and the higher value of FIT are in favor of a potentially useful and the best model. In randomization process (100 simulations) the identified model has not shown any chance correlation. The sufficiently high value of Q 2 index have accounted for an internally robust model. The pK i (hCA II) values, calculated using Eq. 3 and predicted using LOO procedure, were found in close agreement with the observed ones ( Table 1) . The predictions based on external test set are within the reasonable limits ( Table 2 ). The plot showing goodness of fit between observed and calculated activities for the training and test set compounds is given in Fig. 1 (B) . From Eq. 3, it appeared that a higher number of 5-membered rings and a bigger distance between N and S along with a higher value of van der Waals volume weighted parameter of lag 6 are helpful in improving the activity of a compound. 
Inhibition activity of bacterial enzyme hpCA
The inhibition activity of bacterial enzyme hpCA seems to be highly structurally sensitive as no significant correlation was obtained when 37 training set compounds were subjected to CP-MLR analysis in two descriptors (filter-1 = 0.3 and filter-3 = 0.71). Therefore, in successive analysis a liberated value of 0.79 for filter-1 has been considered. The models were identified in CP-MLR by successively incrementing the filter-3 with increasing number of descriptors (per equation). For this the optimum r-bar value of the preceding level model has been used as the new threshold of filter-3 for the next generation. Finally 9 models, sharing 18 descriptors as relevant ones, in five parameters were obtained through CP-MLR. The participating descriptors along with their average regression coefficients and total incidences are listed in Table 6 and their physical meaning is provided as foot note under this Table. The highest descriptors matrix used for the derivation of Eq. 5. In 100 such iterations, none of the emerged model could yield a correlation better than the correlation shown by Eq. 5. This has justified that model in Eq. 5 is not being an outcome of any chance correlation. The pK i values of training set compounds calculated using Eq. 5 and predicted from LOO procedure have been included in Table 1 . Further, the model (4) is validated with an external test set of ten compounds listed in Table 2 . The predictions of the test set compounds based on external validation are found to be satisfactory as reflected in the test set r 2 value and the same is reported in Table 2 . The plot showing goodness of fit between observed and calculated activities for the training and test set compounds is given in Fig. 1C . From Eq. 5, it appeared that a compound will be more active provided its Balabantype index from van der Waals volume weighted distance matrix, Jhetv and path/walk 5-Randic shape index, PW5 both have lower values. On the other hand higher values of the eigenvalue sum from Z weighted distance matrix, SEigZ, the Moran autocorrelation of lag 8 weighted by atomic van der Waals volumes, MATS8v and the Moran autocorrelation of lag 4 weighted by atomic Sanderson electronegativities, MATS4e is favorable in improving its activity pertaining to hpCA.
Conclusions
The inhibition activities of sulfonamide and sulfamate derivatives related to human carbonic anhydrases (hCA I and hCA II) and α-carbonic anhydrase from Helicobacter pylori (hpCA) have been quantitatively expressed in terms of 0D-, 1D-and 2D-descriptors of DRAGON software. For the inhibition activity of hCA I, a higher value of information content index of the neighborhood symmetry of order-1 (descriptor, IC1) and a lower (or negative) value of the Moran autocorrelations, MATS2v and MATS1p, along with a lower number of sulfur atoms in a molecular structure (nRSR) is beneficial in improving the activity. A higher number of 5-membered rings (nR05), a bigger distance between nitrogen and sulfur T(N..S), and a higher value of van der Waals volume weighted Geary autocorrelation of lag 6 (GATS6v) are helpful in improving the inhibition activity of a compound pertaining to hCA II. For the inhibition of bacterial enzyme, hpCA, a lower value of both the descriptors Jhetv and PW5 is beneficial to activity. On the other hand the sign of regression coefficients of descriptors SEigZ, MATS8v and MATS4e advocates that a higher value of these descriptors would be favorable in improving its hpCA inhibition activity. The derived significant models in such descriptors may further be used to synthesize new potential compounds and to decipher the mode of their actions at molecular level.
